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Abstract

Accurate prediction of lithium-ion battery state of charge (SOC) is critical for ensuring safety, durability, and efficient
energy management in electric vehicles (EVs). This study presents a systematic comparative analysis of supervised
machine learning (ML) models for SOC prediction using the publicly available SiCWell battery dataset. Five regression-
based algorithms—Generalized Linear Model (GLM), Gradient Boosting Machirie (GBM), Extreme Gradient Boosting
(XGBoost), Distributed Random Forest (DRF), and Extremely Randomized Trees (XRT)—are implemented within the
H20 framework. The analysis considers six physically measurabie battery features derived from voltage, resistance,
charge throughput, and current direction. Model performance is evaluated using multiple regression metrics, including
MAE, MSE, RMSE, RMSLE, residual deviance, and R?, under a consistent train—test evaluation protocol. Results indicate
that GLM achieves low prediction errors across both training and testing datasets, suggesting that the selected feature
set exhibits a strong linear relationship with SOC within the evaluated operating range. However, ensemble models
demonstrate higher variance and sensitivity to hyperparameter configurations, leading to reduced generalization
performance. Rather than asserting a universally superior model, this study highlights how dataset characteristics,
feature linearity, and model complexity influence SOC prediction accuracy. The findings provide insights into selecting
appropriate ML models for battery management systems while emphasizing the importance of dataset transparency,

interpretability, and generalization analysis.
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1. Introduction

EVs have gained popularity in recent years. Currently, several automotive manufacturers

provide EVs for sale. EVs have become more popular because of their positive environmental effects

and ability to use various energy sources. Nevertheless, EVs constitute a small proportion of the global

vehicle fleet. Worldwide, the sales of EVs increased to over 7.3 million in 2022, compared to about 4.6

million in 2021. EVs in India accounted for 6.3 percent of the market share in 2023. In general, the

global future of EVs relies on several variables, including the following [1]:



® The primary factors influencing the initial cost of automobiles are battery costs, other industrial

inputs, and corporate earnings.

® The total charging stations accessible, the distance among them, and the duration required for

charging.
® Measurement of driving range, speed, and rate of change of acceleration.

® The focus is on the costs of maintaining the battery's durability [2].

EV technology has been demonstrated to be a promising solution to mitigate CO, emissions and address
the energy issue. This is due to the EVs utilize Li-ion battery as their source of power instead of petrol
or diesel [3]. Applications utilizing Li-ion batteries have challenges related to battery degradation,
which can occur because of both time and usage. The degradation rate relies upon the specific battery

chemistry, prevailing environment, and operating patterns [4].

To minimize overdesign costs and enhance a vehicle's overall efficiency and performance, maintaining
a stable, efficient, and safe working state for the battery storage framework is crucial, considering its
high energy efficiency, high energy density and power, and relatively long-life cycle [5]. The battery
management system is specifically intended to safeguard the battery storage system through various
operations such as cell balancing, cell monitoring, temperature management, fault detection, discharge
and charge control, health management, and condition estimation. Out of all these functions, the
estimation of the state is the most basic responsibility. Moreover, the battery's state of health (SOH)
and SOC are crucial metrics employed in state estiination [6]. Li-ion battery is a crucial storage option
for applications of EVs and renewable energy. Nevertheless, the complicated degradation activities of
batteries affects their lifetime and capacity. Thus, capacity loss anticipation of battery is crucial for
assuring the battery's reliability, safety, and longevity function. State of charge is a measure that
quantifies the battery's available power for utilization in its current operational condition. State of
health is a main parameter used to compute the degradation of batteries, namely in terms of power
drop or capacity fade. The correct prediction of SOC enables the enhancement of battery power

utilization and the expansion of EV range [7].

SOC and SOH are the two most essential parameters in battery management and are generally defined
as:

S0C = 55 % 100% (1)
Cr

SOH = ££ x 100% (2)
Cn

In this context, C. represents the battery's current capacity, Cr represents the battery's power after it

was totally charged, and Cy represents the nominal capacity of a newer battery [8].

ML is a subset of Artificial Intelligence (AI) that utilizes data, statistical techniques, and trained
algorithms to perform tasks such as clustering, prediction, or classification. ML has become a powerful

tool in battery technology because it can evaluate vast datasets to predict battery problems and



improve their management [9]. The emergence of big data, cloud computing, and other advanced
techniques has led to the rise of data-driven ML methods, which have drawn significant interest due to
their immense potential in accurately predicting the condition of EV batteries [10]. This research
examines the five most often investigated machine learning techniques for battery prediction: GLM,
GBM, XGBoost, DRF, and XRT approaches. ML has become a powerful tool in battery technology since
it can analyze vast datasets to predict battery states and improve their management. ML approaches

are a category of data-driven techniques that excel at modelling non-linear systems [11].
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Figure 1. General Workflow of Predictive Model using ML

The conventional process for constructing an Mi-based EV battery prediction model is illustrated in
Figure 1. The initial stage involves data capture, which involves either completing various battery trails
in controlled lab settings or gathering original data from real-time EV activities. Afterwards, the
original data requires preprocessing prior it can be utilized for training ML models. Next, a suitable
ML method is selected for developing a predictive model, considering both the accuracy and complexity
of the model. Once the algorithm has been trained, it can be used to predict the battery's condition

using new (test) data [12].
1.1. Problem Statement

The significant need for accurate predictive models of EV battery behaviour is underscored by
the growing prominence of EVs in the automotive landscape. Existing studies have explored ML
algorithms individually to predict aspects like SOC, SOH, and driving range. However, a comprehensive
and standardized comparative analysis across multiple algorithms must be improved. The absence of
such an evaluation, integrated with the challenge of interpretability and transparency in model
outcomes, blocks the development of robust and applicable predictive models. This research addresses
these gaps by conducting a thorough comparative analysis of ML algorithms to enhance the
understanding of EV battery prediction and contribute to optimizing EV performance and battery

management.



The motivation for this research is derived from the critical role of precise EV battery prediction in
enhancing the dependability and effectiveness of EVs. With the increasing global use of EVs, accurately
predicting battery-related characteristics, such as SOC and SOH, is crucial. This is important for
optimizing vehicle performance, prolonging battery lifespan, and increasing the total user experience.
This work developed a predictive model that utilized five distinct ML algorithms, improving SOC
prediction efficiency. The paper's contributions are outlined as follows:

® A comparison analysis was conducted on ML algorithms to assess their effectiveness in
predicting the status of a battery.

® An EV prediction model that relies on the properties of li-ion batteries.

® A comparative experiment was conducted to examine the accuracy and performance of several
ML models based on the proposed prediction model. The experiment aimed to determine which

algorithm performed better.

The study is divided into five sections. The first section serves as an introduction. The second section
focuses on discussing recent research related to the subject. The third section involves the development
of a predictive model using various ML algorithms. The fourth section analyzes the proposed model
through comparative analysis. Finally, the fifth section presents the conclusion and future works.

2. Related Works

This literature review focussed on EV battery prediction using ML algorithms, highlighting key
studies that have contributed to this field. Existing works have explored various ML algorithms,
emphasizing the prediction of critical factors like SOC, SOH, and driving range. This section identifies
research gaps to provide a comprehensive, standardized assessment of ML algorithms for enhanced

EV battery prediction.

The study [13] introduced ML approaches to accurately predict energy usage of EV based on external
and internal factors. XGBoost and light-GBM (LightGBM) algorithms were used and compared with
artificial neural networks (ANN) and multiple linear regression (MLR). The primary processes were
data collection, description of variables, preprocessing, ML approach implementation, and assessment
of the approaches. Statistical analysis was performed in statistical modelling to confirm the
generalization and stability capacity of the approaches. Before creating the ML prediction approach,
an assumption about the model and an evaluation of multicollinearity were conducted. The results
indicated that LightGBM outperformed XGBoost, MLR and ANN.

A predictive model for EV driving range using ML has been developed in [14]. The work was effective
in its utilization of the ML technique, GBDT (Gradient Boosting Decision Tree) algorithm, incorporating
many feature variables such as battery performance metrics (SOC, voltage, current, and temperature)
and vehicle condition data (speed). This model demonstrated superior accuracy and dependability in

estimating the driving range of EVs. The GBDT model was a black box method that provided the



important distribution of feature variables but did not reveal their specific interconnections and

interactions.

The research [15] introduced a smart feature selection (SFS) technique that utilized data preprocessing
methods and ML algorithms to extract important input factors for battery prediction. The research
used cyclic and calendar loss prediction to examine the correlation between capacity reduction and
input characteristics. It presented the SFS approach, which increased the generalization capacity and
boosted the prediction accuracy of ML approaches in forecasting total power loss. The results showed
that combining the SFS approach with random forest, Gaussian Process Regression (GPR), and

XGBoost algorithms significantly improved battery capacity loss accuracy.

A comprehensive examination of the progress made in estimating and predicting the SOH of batteries
was presented in [16]. It specifically focused on four algorithms: Support Vector Regression (SVR),
Decision Tree (DT), k-Nearest Neighbors (KNN), and RF. The SOH assessment was determined by
extracting current, voltage, time, temperature, charge capacity, discharge capacity, capacity loss,
charge energy, discharge energy, and energy loss data. The efficacy of ML techniques relied on the
distinct attributes of the dataset used and the approaches implemented. The research findings
explained specific scenarios under which KNN and DT algoritims have demonstrated superior

performance compared to SVR and RF.

An ML framework was developed in [17] to accurately forecast the lifespan of batteries throughout the
early stages of their cycle. The framework involved the manual extraction of features from battery
deterioration data. To address the issues of feature irrelevancy and redundancy, several approaches,
such as filtering, wrapper, embedding, and principal component analysis (PCA), were employed to
provide an ideal subset of features with smaller dimensions. Next, the battery lifespan prediction was
carried out using six ML methods: elastic net, Gaussian process regression (GPR), SVM, RF, gradient
boosting regression tree (GCBRT), and NN. The SVM model with wrapper feature selection statistically

yielded the most optimal outcome for predicting battery lifespan.

The research [18] focused on the critical requirement for accurate SOC prediction in EV batteries. A
resilient prediction model was created and verified to provide precise and dependable forecasts. The
LightGBM and Extra Tree Regressor (ETR) algorithms were based on their demonstrated proficiency
in managing intricate and higher dimensional data sets, rendering them highly suitable for SOC
estimation of battery. The ETR technique employed ensembled learning, which combined many DTs to
reduce overfitting and improve resilience. However, LightGBM efficiently improved the boosting
process, resulting in quicker and more scalable performance. The results showcased the ETR model's

exceptional ability to predict the SOC for battery heating in EVs.

The extreme learning machines (ELM) technique depended on the alternating factors multiplier (AFM)
approach with enhanced regularization was proposed in [19] for precise evaluation of the SOC of Li-
ion batteries. This approach utilized the AFM scheme in gradient structure to provide an appropriate
online model to predict the SOC of battery. The experiment illustrated that the method used in the

study effectively reduced the total nodes in the implicit layers compared to the conventional ELM



technique. This approach effectively decreased the computational load while ensuring accurate
prediction of the SOC model.

An XGBoost algorithm was implemented in [20] to accurately assess the SOH of li-ion batteries
employed in EVs. An error analysis was conducted on the model to optimize its performance
parameters. Factors like mean voltages, voltage variances, current variances, and temperature
variances were analyzed to characterize the aging of batteries. The method for evaluating the battery’s
SOH relied on the ensembled learning approach's superior predictive accuracy and capacity to
generalize. The findings indicated that the boundary gradient lifting model could provide better precise

predictions.

The research [21] introduced a hybrid ML approach that used real-world historical driving data to
forecast the remaining driving range of EVs accurately. The hybrid model combined the XGBoost and
LightGBM ML techniques. The hybrid model was trained to establish the correlation between the
driving distance and other factors, including the cumulative output energy of the motor and battery,
distinct driving patterns, and battery temperature. Furthermore, an approach based on an anchor
(baseline) was devised and found to be capable of effectively rectifying the imbalanced distribution of

the dataset. Results indicated that the anchor-based hybrid model exhibited superior performance.

An ML method was proposed in [22] to accurately estimate the SOC of EV batteries in real-world
operating situations. This work utilized an RF approach to enhance the estimate of SOC. Using DTs
and ensemble learning, the RF model established robust correlations between input parameters, such
as voltage, current, ambient temperature, battery temperature, and SOC values. This work enabled the

model to provide accurate and consistent predictions of SOC in various driving scenarios.

The SOC estimation of li-ion batteries using six ML methods was implemented in [23]. The data used
for this prediction was obtained from the EV battery management system. The research utilized ANN,
SVM, linear regression (LR), Gaussian process regression (GPR), ensemble bagging (EBa), and
ensemble boosting (EBo). These ML models were used to assess the non-linear mapping of input data,
such as voltage and current, to estimate the SOC. The employment of ANN and GPR-based methods
resulted in improved SoC estimates due to the utilization of probability distribution instead of point

estimation.

The research [24] developed a model to estimate the EV battery’s SOC. The model utilized an enhanced
deep neural network (DNN) model. The DNN with an appropriate count of hidden layers could
accurately forecast the SOC of driving cycles that it had not previously seen during training. A set of
DNN approaches with varied count of hidden layers was created. The training procedure of these
models was employed to assess their performance on various driving cycles. An observation was made
that increasing the count of hidden layers in a DNN resulted in a drop in the error rate and an
improvement in the estimate of SOC.

2.1. Analyzed Research Gap



After the existing works in EV battery prediction using ML algorithms have been reviewed,
several research gaps and opportunities for further investigation can be identified. Individual
algorithms such as XGBoost, LightGBM, GBDT, RF, and SVM are predominantly focused on in the
current literature, with the effectiveness of a specific method in addressing challenges showcased in
each study. Despite the valuable contributions made by existing research in predicting EV battery
behaviour using ML algorithms, notable research gaps are observed. Most studies are focused on
individual algorithms without conducting comprehensive comparative analyses across various metrics.
Additionally, the generalizability of findings is detained by the need for standardized datasets and
features. Interpretability and transparency of models are often overlooked, and there is a need for a
comprehensive evaluation considering factors like SOC, SOH, and driving range. The proposed study
aims to fill these gaps by providing a systematic and standardized comparative analysis, assessing the
performance of multiple algorithms comprehensively, and emphasizing interpretability, ultimately

contributing to the development of robust EV battery prediction models.
3. Proposed Methodology

The comparative research predicts the SOC of li-ion batteries based on five ML techniques
utilizing the SicWell dataset. The study employed many methods, including GLM, GBM, XGBoost, DRF,
and XRT methodology. Eventually, the performance indices are used to compare all the methods. The
ML methods are initially employed to create a predicticn model for estimating the battery state based
on existing data. Figure 2 depicts the flow chart of the process. The predictive model is designed to
estimate the SOC of the battery.
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Figure 2. Proposed Workflow of EV’s Battery Prediction Model

ML techniques are mainly employed to generate a precise SOC. The flowchart highlights all the primary
sections. The battery prediction model is verified using the SicWell dataset. Next, the output data from
the ML process is eliminated, and the SOC features are gathered. The battery diagnosis is facilitated
by a prediction model that utilizes multiple algorithms, including GLM, GBM, XGBoost, DRF, and XRT,
to establish a non-linear mapping between the input and SOC functions. The SOC of a li-ion battery can
be accurately estimated using ML algorithms. This estimation is based on four key parameters: battery
voltage, current, temperature, and power. The calculation is made possible by analyzing the dataset
with relevant information. The ML algorithms employed in this work are explained in the subsequent

sections.
3.1. SicWell Dataset

Nowadays, li-ion batteries are the predominant energy storage options in portable electronics,
including EVs, computers, drones, and smartphones. The EV industry has experienced growth due to
recent advancements in li-ion battery technology, which is projected to persist. Expanding the Li-ion
battery industry necessitates enhancements in Li-ion battery testing instruments, li-ion battery
characterization and modelling approaches, and measurement techniques employed for Li-ion
batteries. More precisely, the utilization of techniques like incremental capacity analysis (ICA), hybrid
pulse power current (HPPC), electrochemical impedance spectroscopy (EIS), and galvanic intermittent
titration technique (GITT) can enhance the capabilities of li-ion battery testers. However, these
procedures require contemporary equipment and precise measuring capabilities. HPPC tests can be
used to evaluate the dynamic performance of the cell within its voltage ranges. These tests also
accurately determine the battery's properties and give dependable battery models for training ML
algorithms. Input datasets for training ML systems to predict SOC and SOH can be derived from data
acquired during HPPC testing. Since the precision of the system was boosted by the quantity of training
data, after the application has been trained with a substantial amount of data, it has the potential to

produce precise predictions across different driving cycles [25].

The SiCWell Dataset comprises data on li-ion batteries used in battery EVs, specifically for modelling
and diagnostics. This experiment involves cycling automobile-grade li-ion pouch bag cells with realistic
profiles of current for EVs. The examination of current ripple in EVs and the accompanying degrading

tests of the cells yield a data set that comprises the subsequent components:

® Vehicle and drivetrain parameters: The specific characteristics and specifications of a EV and

its drivetrain method used for simulating current profile.

® The two-reference driving cycle’s current profiles, namely the sSWLTC and UDDS, are simulated
for an EV. These profiles include both DC and AC profiles.

® Calendar testing involves regularly examining battery cells kept at a consistent environmental

temperature.



® DC and Sinusoidal tests involve measuring and examining battery cells that undergo cycling
with the DC and an additional sine current.

® Tests of artificial ripple involve measuring and examining battery cells that undergo cycling

with the DC while subjected to different superimposed ripple current.

® Conducting real-time ripple testing involves performing assessments and inspections on
battery cells that undergo cycling with current profiles that mimic the driving patterns of the
simulated EV.

In this study, data samples corresponding to four discrete SOC levels (20%, 40%, 60%, and 80%) were
utilized, as provided in the SiCWell dataset. These SOC labels were obtained directly from the
controlled experimental protocols conducted during electrochemical impedance spectroscopy (EIS)
and hybrid pulse power characterization (HPPC) tests, ensuring reliable ground-truth annotations. The
experiments include DC, sinusoidal, and ripple-current cycling profiles under controlled temperature
conditions. A total of 37 lithium-ion pouch cells were analyzed, resulting in several thousand time-
indexed samples after preprocessing and segmentation. The SOC distribution across the selected
subsets was approximately uniform, minimizing class imbalance effects. No calendar-aging data were

included to avoid temporal leakage between training and testing samples.
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Figure 3. Visualization of Dataset Development within the SiCWell Project

Figure 3 provides a comprehensive overview of the structure and general technique involved in the
dataset. These components are categorized based on their possible application. An electrochemical

impedance spectroscopy ranging from 0.001 to 50000 Hz was conducted in this dataset using an EIS-



meter for all the samples. Every checkup has involved the repetition of each process for four distinct
SOCs, namely 20%, 40%, 60%, and 80%. After the processing, a dataset consisted of 37 distinct battery
samples. The dataset is accessible to the public by downloading it from the following link: https://ieee-

rt.or n- icwell-
3.2. Data Preprocessing

Data preparation is a crucial stage in preparing the data for ML models. Before developing any
model, the data preparation procedure was conducted to enhance the model's prediction performances.
The technique has many steps: data noise reduction, removal of outliers, standardization, and
normalization. The data obtained consisted of integer values for every specified variable and their
corresponding responses. Initially, data preparation involves eliminating outliers from the acquired
dataset. Outliers in a dataset can introduce uncertainty and errors, ultimately lowering the
effectiveness of the LR technique. Preprocessing is a crucial step that involves selecting the
appropriate variables and doing tasks such as outlier removal and dataset standardization. The study
involved doing a data normalization process and eliminating the outliers from the dataset. Here, the
normalizing process converts the initial attributes into normal values with a mean of 0 and a variance
of 1, as shown in the provided equation.

Ny =227 (3)

In this context, the variable N; denotes the normalized distribution of n distinct attributes. A; represents
the actual value, M; signifies the mean, and 5, indicates the standard deviations. The equation provided

was employed to compute the values of M; and Sp.

1
M; = -%iL14; - Sp (4)

Sp = /%ZLl(Ai—M,-) (5)

The preprocessed datasets were utilized to follow processes, which improved prediction and overall

performance.

The selected input features were chosen based on established electrochemical relevance to SOC
estimation. Removed charge (Ah) directly represents coulombic throughput and is strongly correlated
with SOC variation. Quasi open-circuit voltage reflects the equilibrium voltage-SOC relationship,
particularly under low-current conditions. Pulse resistance values (1s and 10s) capture internal
impedance characteristics influenced by SOC and polarization effects. Current direction indicators
distinguish charge and discharge regimes, which exhibit asymmetric voltage and resistance behavior.
Feature correlation analysis conducted during preprocessing confirmed low multicollinearity among

selected inputs, supporting their suitability for regression-based modeling.

3.3. Generalized Linear Model



Regression approaches have been extensively used in several applications and fields as a
predictive model. Generally, regression approaches aim to establish mathematical models that measure
the extent to which a response variable (RV) is associated with a group of explanatory factors. The
regression method produces a prediction model that could be utilized to assess the influence of various
inputs on the result variables. LR is a conventional approach for assessing the association among the
predictor and the RVs. A fundamental assumption of LR is that the RVs are derived from a population
that follows a normal distribution. However, several RVs are ordered and contravene this notion. To
address this challenge, a broader strategy known as GLM was implemented, which avoids the
limitations of LR. This modelling methodology offers a very adaptable method for investigating the
connections between several types of factors (categorical, discrete, continuous, positive, and extreme
values) in contrast to conventional regression. GLM employs a link function, denoted as g(y;), which is
a continuous and differentiable transformation used to simulate the mean. A suitable link function can
be developed based on the expected distributions of the RV. Therefore, Equation (6) utilized a logit link
function [26].

M = g(w) = loglog £~ (6)

i

Here, u; represents the expected value of the response variable. 7; was the linear predictors that

1

changed the anticipated values of the RV according to Equation (7).
N =x2 (7)

Here, f§ represents the regression coefficient, which measures the relationship between variables. The
variable x refers to the set of predictors, which are the variables used to predict the outcome. The
model parameters of the GLM will be obtained by an iterative procedure known as iterated weighted
least-squares. Essentially, this approach identifies a collection of parameters of the model that optimize
the probability of accurately replicating the distribution of data of the training sets. The GLM extends
LR by incorporating a link function to link the linear model to the response variable and by enabling

the variances of all measurements to be dependent on its anticipated values [27].

Table 1. GLM Model Parameters

Family Gaussian
Link Identity
Regularization Ridge (lambda = 0.002699)

nlambda = 30, lambda.max = 2699.2, lambda.min = 0.002699,

Lambda Search
- lambda.1lse = -1.0

Number of Predictors
Total

6

Number of Active Pred

ictors

Number of Iterations 30
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3.4. Gradient Boosting Machine

GBM, known as Gradient Boosting Machine, is a very resilient ML method that finds extensive
applications in several technical domains. It is designed explicitly as a boosting approach. GBM is a
numerical optimization approach designed to develop the additive method that reduces the loss
functions. To achieve this objective, GBM progressively incorporates the new decision tree (DT) that
minimizes the loss function at each step. In simple terms, with each iteration, a new decision tree is
trained using the present residual and included in the existing models to refine the residuals. The GBM
algorithm is an iterative and dependence-based method. It reinforces the classifier by doing these
procedures repeatedly, with the total iterations given through the user. GBMs, which utilize this
boosting concept, were highly successful in mitigating biases and variations in prediction approaches.
The qualities of GBM were considered beneficial for addressing variance and bias problems in
prediction approach outcomes that arise once ML approaches were used with limited data sets. Thus,
this work employed GBM for predicting the state of EV battery. Figure 4 represents the architecture
of the GBM [28].

Data ) ‘ Data _. ‘ Data

Decision —_— ﬁ; cision E— Decision
Tree 1 W\ Tree 2 Tree n

p Y p Y p Y
| Prediction ( Prediction ) = .. ..... | Prediction |

Figure 4. Structure of the GBM Model

The GBM method merges weak learners to create a more powerful learner iteratively. The objective is

to determine an estimate f(x) for the function f*(x) that translates input values x to target values y,
using a data set S = {(x,-,yl-)}:l= , with z observations. This was accomplished by minimizing the predicted

value of the loss function, L(y,f(x)). The GBM algorithm creates an additive estimation of f*(x) by

calculating the total weighted function.

fe(®) = fr_1(x) + pche(x) (8)

In this context, p, represents the weight assigned to the #! base learner, where ¢ ranges from 1 to T.

The iterative building process generates a constant f*(x) estimation.

fo(x) = argarg i L(vi@) (9)



The function L(y;,«) is a loss function that can be differentiated. The basis learners aim to reduce.

pehe(x) = argarg XiesL(yife—1 (x:) + ph(x;)) (10)

Each base learner h; in optimizing gradient descent for f* could be described as a greedy step.

Consequently, a new set of data S = {(xi,rti)}:; , was trained on all models, where pseudo residual r; was

created in the following manner.

IL(yuf (X))
= [PLOL ) (11)
ti [ D) f)=fes(®)

The weights p, are determined by addressing the line search optimizing issue. GBM primarily focuses

on enhancing the model's predictive accuracy by minimizing errors or residuals.

GBM can continue to exhibit over-fitting because of the number of iterations used to create a new
model for training data by combining weak learners that became known as new base learners. Hence,
GBM mitigates the risk of overfitting by explicitly specifying the number of trees and the learning rate.
The learning rate is adjusted to mitigate over-fitting by decreasing its value to a range between 0 and
1. The depth parameter is defined as the 'tree depth’, which regulates the tree's intricacy. An ideal tree
depth guarantees that the base learner is optimized and effectively captures the characteristics of the
training datasets. The optimal tree depth involves a balance between the complexity of the tree and

the count of trees, denoted by the count of iterations [29]

Initialize the output

Iterate from 1 to the total trees

Upgrade the weights for targets according to the previous iteration
Fit the model on the chosen subsamples of data

Perform prediction on the total observations set

Upgrade the output with present results considering the learning rates
Return the output.

Table 2. GBM Model Parameters

Number of Trees 80
Number of Internal
Trees 80
Model Size in Bytes | 58824
Min Depth 6

Max Depth 6




Mean Depth 6

Min Leaves 37
Max Leaves 61
53.88

Mean Leaves
- 75

3.5. XGBoost

XGBoost is an enhanced iteration of GBM, a boosting method that utilizes DTs and incorporates
regularization techniques to address the issue of overfitting successfully. During the iteration phase,
the loss function enhances the algorithm's resilience by following its gradient direction. XGBoost
utilizes a growth technique that focuses on the tree's level or depth, resulting in increased
computational costs. The XGBoost method comprises the objective functions that reduces the loss
functions and the regularization parameters that mitigates overfitting. It has two mechanisms that
effectively mitigate overfitting and the regularization parameter [30]. XGBoost is an ML algorithm that
optimizes trees in a scalable manner. It has gained popularity in several data analysis fields. The
XGBoost methodology was introduced as a unique method for apnlied gradient boosting, specifically in
the context of regression and classification trees. XGBoost is based on the notion of "boosting," which
combines the prediction of weak learners using additive iraining methods to create a powerful learner.
Furthermore, this procedure aids in preventing overfitting and enhances mathematical proficiency.
The design of XGBoost is depicted in Figure 5 [31].

——— SicWell Dataset
Random Random Random Random
Subset 1 Subset 2 Subset 3 Subset 4
Test 1 Test 2 Test 3 Test 4
| |
Majority
Voting

Final
Prediction



Figure 5. Structure of XGBoost Model

This architecture reduces the objective function by merging the regularization and prediction terms
while ensuring the highest operational performance. The predicting process is established at step p,
as indicated by Equation (12).

P =R afu) = £V + () (12)

Here, f,(x;) represents the learner at step p, Ep) represents the prediction at p, Ep_l) represents the
prediction at p — 1, and x; represents the input characteristics. To mitigate overfitting and improve
computational efficiency, XGBoost developed an analytical method (Equation (13) to estimate the

method's accuracy in representing the original function.
Objective® = Ti_1l(ysy:) + Zi=a0(f1) (13)

In Equation (14), [ represents the loss function, n represents the number of observations used, and ¢

represents the regularization term.
o(f) = YT + 0.5w? (14)

Here, the vector scores in the leaves are denoted by w, Y indicates the lowest loss required to split the

leaf nodes additionally, and the parameters of regularization are denoted by A [32].

Table 3. XGBoost Model Parameters

_( XGBoost 3 AutoML 2 20231114
Model Key - - B
152546
Number of Trees 50
| ModelMetricsRegr
. XGBOOST
ession

3.6. Distributed Random Forest

The DRF model is an ensemble method that mitigates overfitting while preserving prediction
accuracy. It does this by merging DTs with minor variations in variable values. The DRF algorithm
employs the bootstrap approach to choose features randomly and builds numerous DTs with their
respective values. The final prediction result is obtained by taking the average of the predicted results
in all the DTs. DRF demonstrates exceptional performance even when the parameter is set to its default
setting [33]. DRF has been more popular as a robust approach for classification and regression,
specifically for data prediction. The DRF algorithm constructs a classification forest consisting of many
regression or classification trees rather than just one. Each tree is considered a weak learner and

contributes to constructing a classification model consisting of columns and rows. The variance can be



optimized by increasing the number of trees. The output value of the prediction is determined by

calculating the mean expected values across all the trees [34].

The DRF method addresses regression and classification issues inside a unified framework. This

algorithm is derived from the RF algorithm with some modifications [35].

® Generate ng... bootstrap samples from the original dataset.

® Construct an unpruned classification or regression tree for each bootstrap sample. However,
instead of selecting the best split from all predictors at each node, randomly select a subset of

predictors and choose the best split from that subset.

® Generate predictions for newer data by combining the anticipations made by the ng.ce.

The error rate estimation in RF is derived from the training samples using the procedures as follows:

® During all iterations of the bootstrap process, make predictions on the samples not included in
the bootstrap samples (OOB) utilizing the tree constructed using the OOB.

® Combine the projections of OOB. Subsequently, the error rates are computed and designated
as the OOB estimation of the error rates. This work utilized the DRF approach to construct the
prediction model. The reason for using DRF in this study is its superior performance compared
to regular DTs and its resistance to over-fitting. The DRF model is constructed using 50 trees
[36].

3.7. Extremely Randomized Trees

Variance and bias are inherent in supervised learning, as a method trained on sample data
cannot accurately capture ihie exact patterns of data. Ensembles techniques were employed to create
the collection of weak learners, and merge the predictive outcomes of the weak learner to get the
results. Ensembled approaches have been demonstrated to reduce variance and enhance prediction
accuracy. Ensemble techniques are classified into two primary categories: parallel and sequential
ensembled approaches. Sequential ensembled approaches construct the predictive approach step-by-
step, enhancing the weak learner to achieve higher prediction accuracy while reducing bias and
variance. Standard algorithms used in sequential ensemble approaches include AdaBoost and XGBoost.
Parallel ensemble techniques create a set of weak learners independent from each other and then
combine their predictions by taking their average. RF and XRTs are often used algorithms for parallel

ensemble approaches [37].

XRTs are constructed using DTs. The DT algorithm simplifies the complex classification issue by
categorizing it into characteristics-based decisions. At each stage of building a node for the DT, the
feature that most accurately categorizes the training data is selected as the nodes. The procedures
were iteratively repeated till every characteristic was utilized to construct the DT. The Gini impurity

was commonly employed to determine the features chosen for the nodes. Let 7 be the feature spaces,

F= {fl,fz,...,f]} with size J. In a DT, one of the nodes would be represented by n € f. Let us consider that



the size of samples NVin nodes n are sorted into K classes, each containing sample of size M;. The Gini
impurity of n was represented by Equation (15). During each phase, the DT would systematically look
for the feature that results in the most significant decrease in the impurity measure I(n) to choose the
node. However, if the DT is constructed using this approach, the resulting model would be prone to

overfitting and lack generalizability when applied to test data [38].

1 =1-25,(%)" 15)

N

Both RF and XRTs use randomization in the model to prevent overfitting. Both techniques produce a
collection of autonomous DTs by utilizing the characteristics. Next, the bagging approach is employed
to condense the outcomes of DT collection and produce the output. During the data training process
using the XRT technique, a collection of ensemble trees was set as empty. Next, to construct every DT
T;, a X subset was utilized to generate the DT with chosen characteristics randomly. The X data were
extracted so that each sample is not replaced before drawing the next one. In addition, the DT algorithm
chooses a split randomly to separate the parent nodes into two child nodes randomly. Once M DTs have
been created, the XRT was constructed. In the testing phase, the value of x was inputted into an extra
tree (ET). Every tree T; in the set ET generates the predictions y; using 2 DT. Ultimately, the ultimate
determination is reached by calculating the average of the outcomes iroin all the DTs. However, in the
case of RF, the samples used to train the individual DTs are selected with replacement, meaning that
the same sample might be repeated inside the same DT. Additionally, the DT would determine the

optimal division to transform the parent nodes into child nodes, considering the Gini impurity [39].
4. Experimental Analysis

4.1. Experimental Setup

This part presents the developed predictive model for performing the analysis of ML
algorithms, including GLM, GBM, XGBoost, DRF, and XRT, using H20 regarding EV battery prediction.
The experiments are performed in a system with 12 GB operating memory. The system is equipped
with a CPU, Intel i5 CPU @3.2 GHz. H20 was the programming language utilized for the development
ML approaches. H20 is an open-source ML framework with full-tested implementations of several
widely accepted ML algorithms. To evaluate the results of the predicted SOC for the adopted models,
the predicted SOC results are compared, and the best model is identified. The data are loaded into the
H20 framework using Python script. The training and testing datasets were loaded separately as two

different data frames.

The dataset was randomly divided into training and testing subsets using an 80:20 split ratio,
ensuring that samples from the same battery cell and operating segment were not simultaneously
present in both sets. Feature normalization parameters were computed exclusively on the training data
and subsequently applied to the test set to prevent data leakage. SOC labels were not normalized
independently, and no future information was utilized during training, ensuring strict separation

between training and evaluation phases.



To further evaluate the robustness and generalization capability of the proposed GLM model, k-fold
cross-validation was performed with k = 10. The dataset was partitioned into ten equal subsets, where
in each iteration, nine subsets were used for training and one subset for validation. The performance

metrics were averaged across all folds to ensure stability and reduce dependency on a single train-test

split

Fold RMSE | MAE
1 0.22 0.18
2 0.21 0.17
3 0.20 0.17
Mean 0.21 0.17

=

Std Dev | 0.01 0.005

The low standard deviation across folds indicates that the GLM model maintains consistent

performance and is not sensitive to data partitioning.

4.2. Performance Metrics

It is imperative to incorporate this stage into the development of system mastery models to
evaluate the model's precision and measure its effectiveness in making predictions. The selection of
assessment metrics is based on the nature of the challenge. The primary challenge with the regression
problem, which is perhaps the most well-known illustration of this type of challenge, is that the
objectives of a dataset can only consist of absolute values. The errors demonstrate the frequency with

which the version produces inaccurate predictions. The primary principle underlying accuracy



assessment was to employ a criteria set to correlate the original objective with the predicted outcome.

The performance measures are as follows [40]:

The MAE measures the average absolute difference between the actual and predicted values computed
across the dataset. MAE measures accuracy for the model's performance on the same scale, as the final

objective remains unchanged. A model is considered more accurate as the MAE approaches zero.
MAE =331, (y; — 9) (16)

The MSE quantifies the variation among the predicted and actual values by making the square root of

the average variance throughout the whole dataset.
MSE = 31 (vi—$)% (17)

RMSE is the error value obtained by taking the square roots of the MSE.

RMSE = [131L; (v~ 9)” (18)

The coefficient of determination, often known as R-Squared, quantifies how much the observed values
align with the original value. The distribution of value inside the interval between zero and one. The

model's performance is enhanced proportionally with the rise in value.

R? =1L (19)
2 imp?

Residual deviance (RD) in GLMs measures the discrepancy between the observed data and model

predictions. A low residual deviation indicates that the trained model is suitable for making predictions.

D) = 2(loglog (p(é))— loglog (p(éo)) ) (20)

The MRD in generalized linear models is a metric used to assess the quality of the model's fit. It
quantifies the average difference between the observed data and the predictions made by the model.

A lower mean residual deviance indicates a better fit.

_ Al 2-p_s2-p
D= =25y P -3 7) - LD 2

The Akaike information criterion (AIC) is a statistic based on information theory that quantifies the

quality of a model. The term is defined in the following manner.
AIC = 2p —2Inin (L) (22)

The RMSLE measures the difference between the logarithm of predicted and actual values, which is

calculated using the RMSE. It quantifies the ratio between the predicted value and the actual value.



RMSLE = \/7—112{21 (loglog (p; + 1)— loglog (a; + 1) )2 (23)

4.3. Performance Evaluation

This section presents the performance evaluation of the proposed predictive model’s
comparative analysis. The data from the SicWell dataset are given as input to the predictive model. The
input is the feature variables as given in Table 4, which these feature variables are measured in terms
of relative importance, scaled importance, and percentage. The relative importance, scaled
importance, and percentage are computed using GLM, GBM, and XGBoost. The description in the table
below represents the computation carried out using the GLM model. Figure 6 represents the graphical
plot of these computed values related to the feature variables.

Although the GLM model achieved an R? value of 1.00 for both training and testing datasets,
this outcome does not necessarily imply perfect generalization. The result can be attributed to the
limited SOC operating range, controlled laboratory testing conditions, and the strong linear
dependence between SOC and selected features such as removed charge and quasi open-circuit
voltage. These factors reduce output variance and favor linear regression models. Similar observations
have been reported in prior battery modeling studies under constrained operating regimes. Therefore,
the reported performance should be interpreted as dataset-specific rather than universally

representative.
Table 4. Input Features iroin the SicWell Dataset
Variable Relative Scaled Percentage
Importance Importance
Removed Charge [Ah] 26.325304 1 0.9335788
Quasi Open Circuit Vo?age [V] 0.74823 0.0284225 0.0265346
1s Pulse Resistance [Ohm] 0.5673554 0.0215517 0.0201202
10s Pulse Resistance [Ohm] 0.5445996 0.0206873 0.0193132
Current Direction Charge 0.006644 0.0002524 0.0002356
Current Direction Discharge 0.006134 0.000233 0.0002175
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Figure 6. Graphical Representation of Input Features Selected from Dataset with a) Relative

Importance; b) Scaled Importance; c) Percentage

Table 5 represents the performance assessment of the predictive model evaluated utilizing the GLM
model. The data from the dataset are divided into training and test sets. According to these sets, the
performance evaluation is performed with all the models. The performances of the GLM method in
battery prediction are measured based on various parameters like MSE, MAE, RMSE, MRD, RZ?, RD,
and AIC.

Table 5. Performance Evaluation on Battery Prediction using GLM
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Figure 7. Graphical Plot of GLM’s Performance Analysis



As shown in Table 5, the GLM model has an MSE value of 0.06 in training and 0.04 in testing. The MSE
calculates the average squared difference between actual and predicted values. The test MSE value is
lower than the training set's MSE, which indicates a better generalization of the GLM to unknown data.
The RMSE values of the GLM model are almost similar. RMSE indicates the average magnitude of the
errors in the values predicted. The RMSE values are relatively low, so the GLM model has good
prediction capability. The MAE computes the absolute average difference between the actual and the
predicted values. In this experiment, the GLM model consistently performs in MAE with 0.17. The MRD
values of the GLM are 0.06 and 0.04, which means that the GLM has a low MRD. It indicates that the
GLM model is an excellent fit for the data. The R2 calculates the variance ratio in the dependent
variable that is predictable from the independent variables. As the R2 values are high, it represents
that the GLM model has a high percentage of the variance in the data. The RD computes the variations
between the deviance of the present and the saturated model. The test value is lower than the training
value, indicating that the GLM model performs forms below data. The AIC measure the relative quality
of the statistical model. The test AIC is lower than the training AIC value, indicating that the GLM

model performs well. Figure 7 represents the graphical plot of the GLM model’s performance.

Table 6. Performance Evaluation on Battery Prediction using GBM

Parameter Train 4‘_ ~ Test
9.77039271321596 | 1.3354628658918
MSE
e-05 257
0.00968452968694 | 1.1556222851311
RMSE
8166 866
1 0.00810879456187 | 0.8448524907560
MAE |
538 991
\ ° 0.00134975299676 | 0.0499146971734
RMSLE
72868 78795
Mean Residual 9.77039271321596 | 1.3354628658918
Deviance e-05 257

Table 6 represents the performance assessment of the predictive model computed using the GBM
method. The performance of the GBM model in battery prediction is measured based on various
parameters like MSE, MAE, RMSE, MRD, and RMSLE. The table shows that the training set's MSE is
very low compared to the test set's performance. This difference in MSE indicates that the GBM model
has overfitting and poor generalization issues. The RMSE of the GBM in the training set is very low,
representing its high accuracy on training data. However, the test set’s performance is higher, it
indicates a poor performance. Again, the GBM has deficient performance in training sets in terms of
MAE, RMSLE and MRD. The test set's performance in all these parameters is higher. The GBM's
performances are better in training sets, so it indicates high accuracy and better performance than the
test sets'. These performance differences indicate that the GBM model has a potential overfitting issue.

Figure 8 represents the graphical plot of the GBM model’s performance.
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Figure 8. Graphical Plot of GBM'’s Performance Analysis

Parameter Train Test
(0.310464442088 3.860253457579
MSE
25 8164
0.557193361489 1.964752772635
RMSE
7525 737
0.391200371783 1.315192407177
MAE
4143 3406
0.072771182993 0.036686904435
RMSLE
46302 33889
Mean Residual 0.310464442088 3.860253457579
Deviance 25 8164

Table 7. Performance Evaluation en Battery Prediction using XGBoost

Table 7 represents the performance assessment of the predictive model utilizing the XGBoost method.
The performance of the XGBoost model in battery prediction is measured based on various parameters
like MSE, MAE, RMSE, MRD, and RMSLE. According to the results shown in the table, the XGBoost
model has a very low MSE value in training compared to the test performance. As the training set
performance is low, it indicates the XGBoost has a better performance on training data than the test
data. The RMSE value of the XGBoost model in the training set is low compared to the test set. This

represents that the XGBoost model performs well in training data and poorly in test data. The XGBoost



model's MAE, RMSLE and MRD values in the training set are very low compared to the test set
performance. This difference indicates that the XGBoost model performs better in training and poorly
in test. Regularization or hyperparameter tuning is required to enhance the XGBoost model's

performance. Figure 9 depicts the graphical plot of the XGBoost’s performance.
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Figure 9. Graphical Plot of XGBoost’s Performance Analysis

Table 8 indicates the performarnce assessment comparison of the predictive model utilizing the GLM,
GBM, XGBoost, DRF, and XRT models. The performance of these models in battery prediction is
measured based on various parameters like MSE, MAE, RMSE, MRD, and RMSLE. Figure 10

represents the graphical plot of the performance comparison.

The comparatively poor performance of DRF and XRT models can be attributed to their higher model
complexity relative to the available dataset size. Tree-based ensemble methods typically require
extensive hyperparameter tuning and larger datasets to effectively capture nonlinear interactions. In
this study, the limited number of samples and strong linear correlations among features reduced the
advantage of randomized tree splits, leading to increased variance and reduced predictive accuracy.

This observation highlights the importance of aligning model complexity with dataset characteristics.

Table 8. Performance Analysis Comparison

RMS | MS | MA | RMSL Mean Residual
E E E E Deviance

Model




0.0
GLM 0.21 4 0.17 0.04 0.04
0.7
GBM 0.86 3 0.73 0.07 0.73
XGBoo 1.9
1.39 1.03 0.05 1.94
st 4
20.
DRF 4.52 3.34 0.31 20.39
39
47.
XRT 6.91 5.03 0.35 47.73
73
60
| RMSE
MSE
MAE
s LAY
RMSLE 7 Y
Mean_Residual_Deviance
=X 40 -
=
(0]
o
c
1)
=
|-
a 20
&
@
?e ¢ 7 ‘5.‘%
o 0.0 o {.? /-‘»9 7 ?‘9 &
oL ranne Bhnen reed [ [ %
1 ! I ! I ' I ¥ I
GLM GBM XGBoost DRF XRT

Model_Id

Figure 10. Graphical Plot of Performance Comparison

As shown in the table, the GLM method has the lowest RMSE value with 0.21, representing it as the
best model in this comparison. Following the GLM, the GBM has the closest result (0.86), making it the
second-best model in RMSE, and the least performed model was XRT with 6.91 RMSE. The GLM model
has the lowest MSE value at 0.04 compared to all other models in this comparative analysis. The GLM
has the best performance results in all the parameters with lower values, making it one of the best
models in this comparative analysis. Compared to the GLM, the GBM has the second-best results
overall, and the least performed model was XRT, with relatively higher values in the observed

parameters. The GLM model has constant low values on all the performance metrics, representing its



capability in the battery prediction with good performance. However, the GBM and XGBoost also
performed better in a few metrics. However, the GLM model has the overall best performance across

all the performance parameters in this comparative study.
5. Discussion and Limitations

This comparative study demonstrates that SOC prediction performance is highly dependent on dataset characteristics, feature
selection, and model complexity. While GLM exhibited strong performance due to linear feature-SOC relationships, ensemble
models showed signs of overfitting and sensitivity to hyperparameters. The absence of cross-validation across diverse driving
cycles limits claims of universal generalization. Additionally, the study relies on a single public dataset obtained under controlled
laboratory conditions, which may not fully represent real-world EV operating environments. Future work should incorporate
multi-dataset validation, domain-guided feature engineering such as incremental capacity metrics, and robustness testing

across dynamic drive cycles to enhance generalizability.
6. Conclusion

This work presented a comparative evaluation of five supervised machine learning models for
SOC prediction of lithium-ion batteries using the SiCWell dataset. Rather than identifying a universally
optimal model, the results demonstrate that model performance strongly depends on feature linearity,
dataset scale, and operating conditions. The GLM mode! achieved low prediction errors under
controlled conditions due to strong linear correlations between selected features and SOC. However,
ensemble models such as GBM and XGBoost exhibited higher sensitivity to hyperparameter
configurations and dataset size. The study emphasizes the importance of transparent dataset usage,
interpretability, and cautious generalization when applying ML models in battery management
systems. Future research will focus on cross-dataset validation, feature ablation studies, and hybrid

physics-informed ML approaches.
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